Abstract Many freshwater bodies worldwide that suffer from harmful algal blooms would benefit for their management from a simple ecological model that requires few field data, e.g. for early warning systems. Beyond a certain degree, adding processes to ecological models can reduce model predictive capabilities. In this work, we assess whether a simple ecological model without nutrients is able to describe the succession of cyanobacterial blooms of different species in a hypereutrophic reservoir and help understand the factors that determine these blooms. In our study site, Karaoun Reservoir, Lebanon, cyanobacteria Aphanizomenon ovalisporum and Microcystis aeruginosa alternatively bloom. A simple configuration of the model DYRESM-CAEDYM was used; both cyanobacteria were simulated, with constant vertical migration velocity for A. ovalisporum, with vertical migration velocity dependent on light for M. aeruginosa and with growth limited by light and temperature and not by nutrients for both species. The model was calibrated on two successive years with contrasted bloom patterns and high variations in water level. It was able to reproduce the measurements; it showed a good performance for the water level (root-mean-square error ). The model also helped understand the succession of blooms in both years. The model results suggest that the higher growth rate of M. aeruginosa during favourable temperature and light conditions allowed it to outgrow A. ovalisporum. Our results show that simple model configurations can be sufficient not only for theoretical works when few major processes can be identified but also for operational applications. This approach could be transposed on other hypereutrophic lakes and reservoirs to describe the competition between dominant phytoplankton species, contribute to early warning systems or be used for management scenarios.
Introduction
Since eutrophication is still a problem in many lakes and reservoirs worldwide (Istvanovics 2010; Smith 2003) , ecosystem models remain beneficial and essentially needed to increase the understanding of the fundamental processes in lake ecosystems (Jørgensen 2010; Mooij et al. 2010; Trolle et al. 2012) . Many lake ecosystem models have been developed and published during the past decades, and a wide diversity of approaches has been used to model phytoplankton biomass at the ecosystem scale (Janssen et al. 2015; Mooij et al. 2010 ). These models include Delft3D-ECOLOGY, PROTECH, PCLAKE, IPH-TRIM3D-PCLAKE, MyLake, ALMO, GLM-AED and MELODIA. They are used to test management scenarios and simulate consecutive changes in water temperature, phytoplankton groups, zooplankton and nutrients (Akomeah et al. 2015; Vieira et al. 2013; Khemakhem et al. 2013) . Up-to-date ecosystem models often require large input data due to their complexity (Bruce et al. 2006; Gal et al. 2009 ). However, many freshwater bodies throughout the world that suffer harmful algal blooms do not possess large data sets of several environmental variables. Beyond a certain degree, adding processes was shown to reduce model predictive capabilities so that simple models that use few field data are more adapted to meet operational applications (McDonald and Urban 2010; Mieleitner and Reichert 2008) . Many reservoirs are characterised by frequent fluctuations in their water level (Wantzen et al. 2008) . These fluctuations affect phytoplankton biomass and species composition through their effect on mixing processes, biogeochemical processes, oxygen dynamics and underwater light climate (Naselli-Flores and Barone 1997; Valdespino-Castillo et al. 2014) . Their amplitude and frequency are modified by climate change because of changes in the occurrence of drought and heavy rainfall episodes (Callieri et al. 2014 ). To our best knowledge, few studies applied a model to reservoirs with high fluctuating water levels; the highest annual variation, 10 m out of 38 m, is in El Gergal Reservoir in Spain, modelled with DYRESM-CAEDYM (Rigosi et al. 2011) . Few numerical studies with a coupled hydrodynamicalecological model focused on the succession between phytoplankton groups and species. DYRESM-CAEDYM was applied to simulate phytoplankton succession, in Lake Kinneret (Gal et al. 2009 ) and in El Gergal Reservoir (Rigosi et al. 2011) . However, the biological model was highly complex and contained many parameters to simulate not only phytoplankton but also nutrients, dissolved oxygen, pH, zooplankton and bacteria. Rigosi et al. (2011) proposed a calibration strategy for DYRESM-CAEDYM to reproduce the seasonal succession of the phytoplankton groups of El Gergal Reservoir using large data set and not at the species level. All the previously quoted studies that applied DYRESM-CAEDYM either simulated phytoplankton groups rather than species or used a complex model configuration and an outstanding data set unreachable to most lake managers. Neither are there any applications of hydrodynamicecological models on lakes and reservoirs in the Middle East except for Lake Kinneret (Gal et al. 2009; Fadel 2014) .
In this paper, we use a comparatively simple onedimensional ecosystem model, coupled to a hydrodynamic model, to investigate the factors that determine the succession of two bloom-forming cyanobacteria species in an artificial reservoir in Lebanon with high water-level variations. We start by presenting the study site, the data set including our field measurements and the model configuration. In the BResultsŝ ection, we present the thermal and biological simulations and the controlling factors of the succession between Aphanizomenon ovalisporum and Microcystis aeruginosa according to the model. We then discuss the model performance, the influence of the water-level variation and the implications of our results for hypereutrophic reservoir management.
Materials and methods

Study site
Karaoun Reservoir, located in the Southern Bekaa valley, between the two Lebanese mountain chains, is the largest freshwater body in Lebanon (Fig. 1) . The reservoir, used for hydropower and irrigation, was constructed between 1958 and 1965 on the Litani River (170-km length). Table 1 presents its morphometric and hydrologic characteristics. The 25-m average annual water-level variation makes the reservoir an interesting study case in a poorly studied region (Fadel et al. 2015) .
There are about one million inhabitants as well as 570 km 2 of cultivated farmland and several industries in the catchment of Karaoun Reservoir. The Litani River receives domestic sewage and agricultural drainage containing nutrients all yearlong. As a result, the reservoir is hypereutrophic . Toxic cyanobacteria M. aeruginosa and the nitrogenfixing cyanobacterium A. ovalisporum alternatively bloom in the reservoir and trouble irrigation and hydropower production by clogging pumps and turbines (Fadel et al. 2014a; Slim et al. 2014; Temsah et al. 2016) . Karaoun Reservoir represents an interesting study case to assess the performance of a simplified model to describe the seasonal succession of cyanobacterial blooms, with a limited database and a highly varying water level.
Site data
Hydrological data
The bathymetry of Karaoun Reservoir was determined with sonar in spring 2012 by the Litani River Authority. The Litani River Authority weekly monitors the water level. The main reservoir input is the inflow from the Litani River (Fig. 2) . The inflow file of DYRESM-CAEDYM includes daily temperature, salinity and nutrient concentrations entering the reservoir through the river inflow. However, since such daily river water quality data is not always available, daily values were linearly interpolated between weekly and bimonthly samplings.
The reservoir withdrawals are used for hydropower generation and for irrigation. The reservoir hydrologic balance also includes inflow from underwater springs, evaporation, precipitation and infiltration due to the karstic geological environment. More details about the reservoir functioning and hydrology are presented in Fadel et al. (2014b) .
Meteorological data
Meteorological data, required as input to the model, were taken from the closest functioning meteorological station in TalAmara. The station is located in the Bekaa valley (33°51′ 50″ N, 35°59′ 06″ E), at an altitude of 905 m, 40 km north of Karaoun Reservoir. Daily averages were used for solar radiation, air temperature, relative humidity and wind speed as well as daily rainfall (Fig. 3) . Due to the absence of cloud cover measurements, daily values were considered as 1 when it rained during the day, 0 else. Vapour pressure was calculated from relative humidity and air temperature using the MagnusTetens formula (Tennessee Valley Authority 1972) .
Field measurements
Water temperature was continuously measured, each 15 min with temperature sensors (Starmon mini, Star-Oddi) at the spillway location to limit the vandalism risk. Sensors, attached to a buoy, were located at 1-, 4-, 7-, 10-, 13-, 16-and 19-m depths. The sensor measuring range is −2 to 40°C with an accuracy of 0.05°C. The lower-temperature sensors were progressively removed when the water level decreased.
All other measurements and samples were taken from the middle of the lake (33°34′ 05″ N, 35°41′ 44″ E). Campaigns were performed bi-weekly between 11:00 and 13:00. Water transparency was measured with Secchi disk. A submersible fluorometer (TriOS microFlu-blue) was used to measure fluorescence profiles of phycocyanin, a pigment specific to cyanobacteria. It is equipped with ultra-bright red LEDs, of excitation wavelength 620 nm, detection wavelength 655 nm and bandwidth 10 nm. It gives a linear response to phycocyanin concentration up to 200 μg Chl a L −1 with an accuracy of
. Measurements were performed every half meter between the surface and the bottom of the reservoir by descending the cable manually.
Water samples were collected using borosilicate glass bottles at 0.5-m depth from May to November 2012 and at 0.5-, 5-and 10-m depths from March to August 2013 with a vertical Niskin bottle of 2.2-L capacity (Wildco 1120-D42). Samples were stored at 4°C until further processing in the laboratory. Different volumes and bottles were used for phytoplankton identification and counting.
The subsamples used for phytoplankton counting were fixed by formaldehyde (4% of sample volume) and preserved at 4°C. The phytoplankton species were determined on the sampling day according to taxonomic keys based on cell structure and dimensions, colony morphology and mucilage characteristics (Komárek and Anagnostidis 1999, 2005) . Microscopic identification and enumeration were carried out under a phase contrast microscope (Nikon TE200, Nikon, Melville, NY, USA), under a ×40 objective and using a Nageotte chamber that accepts 100 μL on 40 bands. The number of counted bands depended on sample concentration. Each subsample was counted in triplicate.
Model
We used in this study a one-dimensional vertical hydrodynamic and ecological model, DYRESM-CAEDYM, designed by the Centre for Water Research (CWR, Australia) (Imberger Hamilton and Schladow 1997) . It is the most used ecological model for lake ecosystems (Trolle et al. 2012) . The model was mostly applied on lakes with stable water level like Lake Ammersee in Germany (Weinberger and Vetter 2012) , Lake Constance ) but also on many freshwater bodies throughout the world that share comparable physical characteristics or phytoplankton community with Karaoun Reservoir, e.g. Lake Pusiano in Italy (Copetti et al. 2006) , Sau Reservoir in Spain (Takkouk and Casamitjana 2015) , Terauchi Dam in Japan (Asaeda et al. 2001 ), El Gergal Reservoir in Spain (Rigosi et al. 2011) , Lake Mendota in USA (Kara et al. 2012) , Shahe Reservoir in China (Cui et al. 2016) and Lake Kinneret (Gal et al. 2009; Rinke et al. 2010; Yeates and Imberger 2003) . DYRESM simulates the vertical distribution of temperature, salinity and density in the water column (Imberger et al. 1978; Imberger and Patterson 1981; Yeates and Imberger 2003) . CAEDYM can simulate C, N, P, Si and dissolved oxygen cycles; inorganic suspended solids; zooplankton; and phytoplankton dynamics (Hipsey 2007 ). Robson and Hamilton (2004) and Romero et al. (2004) gave a detailed description of the model equations.
Simplified model configuration
We configured DYRESM-CAEDYM to simulate changes in water level, water temperature and the biomasses of two cyanobacteria species at point S M (Fig. 1) . Figure 4 presents the conceptual diagram of the simple hydro-dynamic ecological model applied to Karaoun Reservoir based on weather and water flow inputs and initial measured profiles.
The equations of the biological model selected in CAEDYM are presented in Table 2 . The dynamics of two cyanobacteria groups were simulated.
In winter, the average nutrient concentrations in the Litani River inflow into Karaoun Reservoir are 9 mg L −1 for nitrate, for nitrate, 3.7 mg L −1 for ammonium and 2.1 mg L −1 for orthophosphate (USAID 2012) . This results in continuous availability of both nitrogen and phosphorus in the reservoir (Fadel et al. 2014b) ; nutrients can be regarded as non-limiting factors of phytoplankton growth. That is why the phosphorus and nitrogen limitations were deactivated in CAEDYM by setting the Michaelis-Menten constants for nitrogen and phosphorus to 0, and by choosing the following values for internal nutrient concentrations: 10 −5 mg/mg Chl a for minimal nitrogen and phosphorus concentrations and 9 mg/mg Chl a for maximal nitrogen and phosphorus concentrations. With such a configuration, simulations are independent from nutrients. Both cyanobacteria are subject to photoinhibition. A vertical velocity dependent on light was used to present the upwards and downwards migration of M. aeruginosa. A constant small rising velocity was used for A. ovalisporum.
Due to the absence of precise data about zooplankton biomass in Karaoun Reservoir, the effect of zooplankton grazing on phytoplankton was not simulated explicitly; however, its contribution to phytoplankton mortality was included in the model through a loss term that also included respiration and excretion.
where C i is the biomass of cyanobacterium species i, μ g,i is the growth rate, L i is the loss rate, v i is the vertical migration velocity and μ max,i is the maximum growth rate at standard temperature T std (20°C); I(z) is the photosynthetically active radiation reaching depth z and I s,i the saturation irradiance, at which growth is maximal; the parameters k i , a i and b i are solved numerically to satisfy the following conditions: g i (T std ) = 1 at the reference temperature T std ; dg i /dT(T opt,i ) = 0, at the optimal temperature T opt,i , g i (T max,i ) = 0 at the maximum temperature T max,i ; θ is the constant for temperature limitation (1.07); v i , cyanobacterium migration velocity of species i, is negative for settling and positive for buoyancy; c 5 is a constant background settling velocity in this model configuration without nutrients and c 4 a calibrated coefficient for light dependence; k ra,i is the loss rate coefficient of species i (includes effect of mortality and excretion) and ϑ i is the temperature constant; K 0 is the background light extinction coefficient; and K ep,i is the specific light extinction coefficient due to species i (for DYRESM simulations alone, there is no shading by cyanobacteria and the extinction coefficient is constant).
Model calibration and verification
Simulations were set up with a 1-day time step for input and output variables. Daily mean water temperature profiles measured at the spillway and cyanobacteria concentration profiles measured in the middle of the reservoir were used to provide the initial conditions of the model.
The performance of the hydrodynamic model DYRESM in simulating the reservoir water level was assessed on the years 2010, 2011 and 2012 for which water-level measurements were available; the model was calibrated on 2012 and verified on 2010 and 2011 separately. The calibration was based on trial-and-error manual adjustment of model parameter values until the model simulations matched the observed values with lowest root-mean-square error (RMSE).
The hydrodynamic model DYRESM was first calibrated to obtain a correct water balance and water temperature profiles. Water temperature simulations were compared to measurements at 1-, 4-, 7-, 10-, 13-, 16-and 19-m depths at the spillway.
The maximum and minimum layer thicknesses were adjusted to reproduce correctly the thermocline. The light extinction coefficient was calibrated to control heat transfer to the deeper layers and the vertical mixing coefficient for mixing the hypolimnion. Default values were used for all other parameters. Wind speed at the weather station, 40 km to the north of Karaoun Reservoir, close to the mountains, was expected to be lower than on the lake in the middle of the valley. Therefore, it was corrected by an additional calibration factor in order to improve the mixing in the lake epilimnion as in Hornung (2002) on Lake Constance (Table 3) .
The coupled hydrodynamic and biological model DYRESM-CAEDYM was calibrated on a 6-month period between 24 May and 20 November 2012 and verified on a 3-month period between 15 May and 21 August 2013. Both model runs were initialised with a set of observed temperature 
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and cyanobacteria measurements. These periods in which we performed biological cover both increases and decreases in water level and biomass of cyanobacterial species. Cyanobacterial simulations were compared to phycocyanin fluorescence measured at 1, 5 and 10 m at point S M . Modelled biomass values are expressed in μg Chl a L −1
. The phycocyanin to chlorophyll a stoichiometric ratio ranges between 1 and 1.66 for M. aeruginosa and other cyanobacterial species (Watras and Baker 1988) . For comparing model results to measurements, we converted phycocyanin concentrations to chlorophyll a concentrations by multiplying it with a factor of 1.33 with an uncertainty of 30%. The biological parameters were calibrated within ranges given by literature (Table 4 ).
Indicators of model performance
The RMSE, the coefficient of determination (R 2 ) and the mean absolute percentage error (MAPE) were used to evaluate the performance of the DYRESM-CAEDYM by measuring of the differences between values predicted by a model and the values actually observed. The RMSE, MAPE and R 2 are calculated as the following:
X sim; j −X obs; j X obs; j where X obs,i and X sim,j are the time-averaged observed values and simulated values at day j and X obs is the mean of the observed data on the simulation period of n days.
Results
We wanted to assess the performance of this simple model configuration to reproduce the succession between M. aeruginosa and A. ovalisporum on two contrasted years and to understand the driving factor of each bloom. Yeates and Imberger (2003) Critical wind speed (m s Regarding water temperature, in 2012 and 2013, good agreement was found between simulations and observations during both stratification and mixing periods ( Fig. 6 and Table 5 ).
In Fig. 6 , model simulations and daily average vertical temperature profiles are compared every week of the simulation period in 2012, during both stratification and mixing periods. It shows how the model was able to localise the thermocline during the stratification period. However, the simulated thermocline spreads over lower temperatures and is steeper than the measured thermocline. The water temperatures simulated between 1-and 7-m depths were comparable to the observed temperatures with a RMSE less than 1°C (Table 5 ). The lowest deviations between simulated and measured temperatures The model configuration was also verified on a 3-month period in 2013 covering an increase in water temperature, with the same parameter values as in 2012 (Fig. 7) . Good agreement was found between the simulated and the observed temperature measurements (Table 5 ). RMSEs ranged from 0.63°C at 16 m to 1.41°C at 10 m (Table 5 ). The simulated water temperatures were overestimated at 1-m depth between 15 July and 15 August 2013 and underestimated at 7 m between 15 May and 30 July 2013. Highest discrepancies between simulated and measured temperature again occurred at the thermocline between 7-and 13-m depths.
The hydrodynamic model gave good results and could be used coupled with the biological model for cyanobacteria biomass simulations.
Cyanobacterial seasonal succession modelling
The model simulations were compared to biomass measurements at 1, 5 and 10 m and to the average of the three depth measurements, hereafter called top 10 m.
In 2012, A. ovalisporum bloomed twice, in June and October, whilst M. aeruginosa bloomed once between August and September. The model was able to catch the first peak of A. ovalisporum biomass in June and the decrease between July and September with correct magnitude and timing between 1-and 10-m depth (Figs. 8 and 10 ). The model did not catch precisely the second Aphanizomenon bloom in October, but it showed that A. ovalisporum biomass increased again between October and November. MAPE ranged between 19% at 1 m and 22% at 10-m depth (Table 6 ).
The simulated M. aeruginosa biomass was comparable to the observed biomass at 1, 5, 10 m and in the top 10 m (Fig. 8 and Fig. 10) , with low RMSE and high correlation (R 2 > 0.85). In 2013, the model showed good performance on the verification period that covered a M. aeruginosa bloom in the absence of A. ovalisporum (Fig. 9) . The model was able to catch the low concentration of A. ovalisporum at 1, 5 and 10 m ( Fig. 9 and 10 . R 2 ranged between 0.43-at 10-m depth and 0.64 at 5-m depth. MAPE was around 25% (Table 6) .
The model simulated the M. aeruginosa bloom with correct magnitude and timing at 1 m. However, it underestimated the M. aeruginosa peak at the end of July 2013 at 5-m depth. The RMSE was low and ranged between 16 and 56 μg Chl a L −1 . R 2 ranged between 0.56-at 10-m depth 0.77 at 5-m depth. MAPE was around 20% (Table 6 ).
Controlling factors of the succession between A. ovalisporum and M. aeruginosa according to DYRESM-CAEDYM
The dynamics and succession between cyanobacterial species was assessed by analysing the time evolution of the growth rate, light and temperature limiting factors at 1-m depth (Figs. 11 and 12) . In late May 2012, A. ovalisporum initial concentration was about 35 μg Chl a L −1 whilst M. aeruginosa was much smaller, less than 5 μg Chl a L −1 (Fig. 11) .
According to the model, in May and June 2012, A. ovalisporum was not limited by temperature and moderately limited by light and its production was high (0.55 day A. ovalisporum then increased again to 25 μg Chl a L −1 in the end of October 2012 when water temperature became favourable (Fig. 11) . Regarding M. aeruginosa, from the end of May to the beginning of June 2012, it was not limited by temperature and moderately limited by light. This allowed an increase in its production (Fig. 11) . The higher maximum growth rate of M. aeruginosa resulted in its dominance under favourable temperature and light conditions. The lower growth rate of A. ovalisporum did not permit it to keep up with M. aeruginosa; it reached a very low maximum value of 5 μg Chl a L −1 (mid-July 2013), then nearly vanished (Fig. 12) .
Discussion
Model performance for water balance and water temperature DYRESM-CAEDYM model simulations of water level, water temperature and cyanobacterial biomass were satisfactory. Differences between simulated and observed water levels ranged between 0.4 and 0.7 m during the study period. The good performance for simulating accurately the reservoir water balance and water-level fluctuation is a strength of the model. In arid regions like the Middle East, during severe droughts, the water level can drop to critical depths due to intense use. A good prediction of the water level is mandatory for tackling the water crisis and developing efficient emergency plans (Kozhevnikova and Shveikina 2014). Water-level fluctuations, caused by monsoonal climate and artificial drawdown, can alter the hydrological conditions and influence light and nutrient availability, influencing phytoplankton succession (Tian et al. The model simulated changes in water level with good precision (error less than 1 m for an annual variation of 25 m) even though the data entered into the model were not complete. They did not include the leakage discharges through Karaoun dam, groundwater seepage and additional inflows by springs at the bottom of Karaoun. The error due to evaporation is minor; calculated evaporation in summer was negligible in comparison to inflow and withdrawals (Fadel et al. 2014b ). Also, several field and technical errors could have increased the RMSE. Technical errors made during the construction of the bathymetric map may be another cause of uncertainty. With an imprecise geometry, the model is not able to represent precisely the physical processes of transport and mixing (Rigosi and Rueda 2012) .
The RMSE of simulated water temperature at different depths ranged between 0.2 and 1.4°C. The thermal model performance was mostly comparable to, and sometimes better than, previously published applications of DYRESM. RMSEs of 1.4 and 0.9°C were reported in the epilimnion and hypolimnion of Lake Ravn, Denmark (Trolle et al. 2008); 0.48°C in El Gergal Reservoir, Spain (Rigosi et al. 2011) ; around 1°C at surface and bottom in Lake Kinneret (Gal et al. 2003) ; 2°C at the bottom of Lake Pusiano, Italy (Copetti et al. 2006) ; and 2°C in Clearwater Lake, Canada (Tanentzap et al. 2007 ).
The differences between the model simulations and observed measurements can be attributed to the following factors: meteorological data measured at a 40-km-far station, errors in observed measurements and the one dimensionality of DYRESM-CAEDYM.
Errors made whilst noting water-level values at the graduated spillway could have also increased the RMSE. A 1-cm error for a reservoir of 12 km 2 corresponds to an average daily inflow of 1.5 m 3 s −1
. This error can increase up to 5 cm due to waves during windy weather.
Some deviations exist between simulated and observed water temperatures. At certain depths, the water temperature was underestimated for a period of a month then overestimated in the following month. Another marked deviation is the underestimation of water temperature at higher depths (13, 16 and 19 m) , which can be related to the position of the sensor chain at the spillway, in a region where the water depth is by several meters shallower than in the modelled area, the deepest part of the reservoir. The thermocline is known to be shallower close to the banks than in the middle of a lake (Lampert and Sommer 2007) .
Intense winds can destroy the thermal stratification, homogenise the water column and decrease surface cyanobacterial biomass (Zhou et al. 2015; Huisman et al. 2004) . Inaccuracies in wind speed, due to the 40-km distance between the weather station and the lake, could have resulted in some deviations between simulations and observed cyanobacteria biomasses. A similar observation of temperature overestimation at the surface and underestimation in the deep layer between 10 and 30 m was reported in Lake Constance and attributed due to a lack in diffusion in the hypolimnion and metalimnion in the model (Hornung 2002) . In Karaoun Reservoir, simulated water temperatures were highly underestimated at the beginning of the calibration period. Temperature measurements were taken at the spillway, near the outlet. The total discharge capacity of this outlet can result in mixing that increase water temperature at bottom layers. The introduction of a wind multiplication factor and the increase of the vertical mixing coefficient highly improved our simulations by increasing heat diffusion to the deep layers. The default value of vertical mixing coefficient in the model is 200. However, this coefficient can range from 1 to 7200 depending on the geometry of the lake (Hornung 2002) . A value of 1000 was adopted for Lake Constance , 200 for Lake Kinneret (Gal et al. 2003) , 400 for Lake Rotorua (Burger et al. 2008 ) and 7200 for Sau Reservoir (Takkouk and Casamitjana 2015) . A vertical mixing coefficient of 2500 worked best for Karaoun Reservoir, within the range of experimental values estimated in field studies (Yeates and Imberger 2003) . More details about the vertical mixing coefficient are presented in Yeates and Imberger (2003) and Hornung (2002) .
Model performance for cyanobacterial biomasses
The model succeeded in capturing the main patterns of M. aeruginosa and the cyanobacterial succession in Karaoun Reservoir in 2012 and 2013. Looking at the growth rate of both cyanobacteria species and their limitation factors helped us in identifying the driving factors of the cyanobacterial succession. Between mid-May and mid-September 2012, A. ovalisporum is limited by high water temperature (>24°C) (Fadel et al. 2014a) . Temperature can become damaging if it exceeds the optimal temperature for cyanobacterial growth (Rigosi et al. 2015) . In laboratory conditions, optimal temperature is around 29°C for most cyanobacteria (Lurling et al. 2013) . Unlike other Mediterranean lakes where blooms of A. ovalisporum are observed when water temperature is around 25°C (Gkelis et al. 2005; Pollingher et al. 1998) , in Lake Karaoun, A. ovalisporum is able to grow at lower temperatures (around 22°C). Water temperatures higher than 25°C allowed M. aeruginosa to outgrow A. ovalisporum.
DYRESM-CAEDYM was already applied to simulate cyanobacterial succession, in Lake Kinneret (Gal et al. 2009 ). However, CAEDYM configuration was highly complex and contained many parameters to simulate not only phytoplankton but also nutrients, dissolved oxygen, pH, zooplankton and bacteria. The simulation period was much longer than ours, about 7 years. The model succeeded in simulating annual variations of cyanobacterial species. The coefficients of determination for the concentrations averaged over the top 10 m were 0.31 for Microcystis and 0.50 for Aphanizomenon, lower than in our application with simplified CAEDYM processes: 0.66 to 0.94 for Microcystis and 0.50 to 0.56 for Aphanizomenon (Table 6 ).
Phytoplankton represents an important feeding source for many herbivores that inhabit water bodies as the zooplankton, zebra mussels and planktivorous fish. Grazing can cause a loss in the phytoplankton groups including cyanobacteria (Wang et al. 2010; Zhang et al. 2009 ). The effect of zooplankton grazing on cyanobacterial biomass was partly compensated in the model by increasing the loss rate, but this is not sufficient as zooplankton biomass and grazing rate vary greatly with time and can affect cyanobacteria biomass. The average size of M. aeruginosa in Karaoun Reservoir is 600 μm. Largesized Daphina can consume small-sized Microcystis colonies with a diameter generally less than 50 μm, but they have difficulties in ingesting large-sized colonies. The ingestion rate of M. aeruginosa depends on the duration of the application of Daphnia, presence of microcystin toxin (Zhu et al. 2015) and the presence of fish that affect the process of grazing (Sarnelle 2007) .
DYRESM-CAEDYM is a one-dimensional model which considers only vertical variation of temperature and phytoplankton biomass, supposed to be constant on the horizontal. A decrease or increase in cyanobacterial biomass resulting from horizontal transport is not taken into account by the model. Humphries and Lyne (1988) found that high-rising velocities of M. aeruginosa could concentrate them near the surface, and favour scum formation and thus losses from wind-driven advection to the edges. Visible scums at the edges of Karaoun Reservoir were previously reported by Atoui et al. (2013) .
Another cause of discrepancy between simulations and measurements can be an error in the measurements. We use the phycocyanin probe to perform field measurements and compare them to model simulations. The used phycocyanin probe has a background noise of 0.6 μg phycocyanin L −1 (Bastien et al. 2011) . The phycocyanin probe measures phycocyanin fluorescence and not the cyanobacteria concentration, expressed in chlorophyll a in model simulations. Phycocyanin measurements are then converted to chlorophyll a using a constant phycocyanin to chlorophyll a conversion ratio, in order to be compared with simulated cyanobacteria biomass. The phycocyanin to chlorophyll a ratio in cyanobacterial cells varies with the physico-chemical characteristics of the growth medium (Foy 1993) . Whilst phycocyanin probe measurements cause minor discrepancies, errors due to conversion of phycocyanin can result in major discrepancies between simulations and measurements.
The selected time periods for model calibration and validation started in spring and did not include winter season. The model may not be able to describe the evolution of the cyanobacteria biomass in winter. High discrepancies between the model and the cyanobacteria biomass measurements were observed in autumn, as shown in Fig. 8, for A. ovalisporum which might be due to N:P ratio. The model cannot precisely simulate cyanobacteria concentration in winter due to some processes that are not included, like the formation of resting spores. However, the model importance is in its ability to predict the biomass and the succession between cyanobacteria species in spring-summer period. TN:TP ratio did not exceed 22:1 during the study period (Fadel 2014) . According to Smith et al. (1995) , lake water TN:TP ratios below 22:1 can favour the dominance of N2-fixing cyanobacteria. However, the role of this ratio is minor in controlling the succession of both cyanobacteria in our study due to continuous availability of nutrients for both species and major control by other factors like light and water temperature. Even if the N:P ratio would favour the dominance of N2-fixing cyanobacterium A. ovalisporum, it cannot overcome M. aeruginosa due to a major controlling factor, water temperature. M. aeruginosa outcompetes A. ovalisporum whenever water temperature rises above 22°C.
Management of freshwater bodies to improve their quality is one of the main uses of such hydrodynamic-ecological models. However, large data set required by complex models can complicate such objective. Most of the recently published articles on ecological modelling covered used complex models to simulate phytoplankton blooms (Bruce et al. 2006; Gal et al. 2009 ). However, complex models do not necessarily improve the precision of simulated variables (Robson 2014) . Complex models usually have fewer restricting assumptions and exhibit more flexibility; however, increasing the level of complexity in the model leads to an increased sensitivity of the output to the input (Paudel and Jawitz 2012) . Due to the complexity of these systems, such models are often elaborate and include a large number of estimated parameters. However, correspondingly large data sets are rarely available for calibration purposes, leading to models that may be overfit and possess reduced predictive capabilities. Mcdonald and Urban (2010) demonstrated that increasing the complexity of phytoplankton biomass model tend to produce a better model fit to calibration data, but beyond a certain degree of complexity, the benefits of adding parameters are diminished, and therefore, the risk of overfitting becomes greater. The results of our study showed that simple model can successfully simulate succession of cyanobacteria based on few essential processes.
The simplified model presented in this paper will be used by the local managers of Karaoun Reservoir. It can help them in diagnosing problems and evaluating alternative solutions for maintaining the water quality. It can be used for the assessment of the feasibility of the different management actions in different contexts before major investments in infrastructure are considered.
Conclusion
Unlike most complex model configurations that simulate total chlorophyll concentrations or test scenarios, in this study, a simplified version of DYRESM-CAEDYM was applied to simulate the succession between cyanobacterial species in a eutrophic reservoir with high water-level variations. DYRESM simulated variations of water level and water temperature with high precision. A simplified CAEDYM configuration, based on water temperature, light limitation and cyanobacteria vertical migration governed by light only simulated cyanobacterial succession and biomass with correct magnitude and timing.
The model results suggest that higher maximum production of M. aeruginosa during favourable temperature and light conditions allowed it to outgrow A. ovalisporum despite lower initial concentration. This modelling approach could be transposed to other eutrophic Mediterranean lakes and reservoirs to describe the competition between dominant phytoplankton species, to contribute to early warning systems or to be used to predict the impact of climate change and management.
